Background: Gestational diabetes mellitus (GDM) is associated with adverse perinatal outcomes. Screening for GDM and applying adequate interventions may reduce the risk of adverse outcomes. However, the diagnosis of GDM depends largely on tests performed in late second trimester. The aim of the present study was to bulid a simple model to predict GDM in early pregnancy in Chinese women using biochemical markers and machine learning algorithm.
Background
The prevalence of diabetes in pregnancy, the majority of which is gestational diabetes mellitus (GDM), has been increasing in many jurisdictions [1] . GDM is defined as glucose intolerance that first occurs or is first diagnosed during pregnancy and usually resolves soon after delivery [2] . It raises substantial health concerns both for its shortterm adverse effects on pregnancy outcomes and for potential serious long-term consequences for both mothers and their offsprings [2, 3, 4] . For instance, GDM is associated with large for gestational age (LGA), high infant adiposity, shoulder dystocia, caesarean section and preeclampsia [5, 6, 7] . The prevalence of GDM in Chinese women ranged between 13.0 and 20.9%, and the variation was partly due to different criteria [8, 9, 10, 11] . It is important to predict the risk of GDM early in pregnancy to enable early interventions to prevent GDM. Unfortunately, pregnancy is a complex and dynamic process, involving profound changes in energy and nutrient metabolism to sustain fetal development and growth, and to meet the requirements of labour and lactation.
The changes of energy and nutrient metabolism during pregnancy have been postulated to follow a biphasic pattern, predominantly anabolic in early pregnancy and mainly catabolic in later pregnancy [12] . These dynamic changes have not been completely illustrated. For example, in a large cross-sectional study in Israel, triglyceride (TG), total cholesterol (TC) and low density lipoprotein (LDL) levels decreased between the time of conception and 8 weeks of gestation and then gradually increased and peaked just before delivery [13] . However, in a prospective cohort study in Brazil, levels of these lipids increased from the first trimester to the third trimester [14] . Despite the difficulties in risk prediction of GDM due to by these dynamic changes, efforts have been made to develop risk prediction models for GDM incorporating factors such as maternal age, ethnicity, BMI [15] , family history of diabetes, personal history of GDM, fasting plasma glucose (FPG), vitamin D3, macrosomia and chronic hypertension, high-sensitive C-reactive protein, placental protein 13, pentraxin 3, myostatin, follistatin, and soluble fms-like tyrosine kinase-1 [15, 16, 17, 18, 19, 20, 21] .
It has been reported that the model combining maternal factors including history of GDM, family history of diabetes, ethnicity, parity, BMI, mean arterial pressure (MAP), uterine artery pulsatility index (UtA PI) and pregnancy associated plasma protein A (PAPP-A) in the first trimester predicted GDM with an area under the receiver operating characteristic curve (AUC) of 0.90 (95% CI 0.87-0.92) [22] . Another model developed by applying a machine learning algorithm to data extracted from health records for the first trimester to predict risk GDM at 24-28 weeks of gestation achieved an AUC of 0.86 and accuracy of 62.2%. This algorithm also included maternal factors such as age, parity, BMI, education, FPG and other hematological and biochemical test results [23] . In addition, a model has been developed in obesity pregnant women with age, previous GDM, family history of type 2 diabetes, systolic blood pressure, sum of skinfold thicknesses, waist-to-height ratio, and neck-to-thigh ratio provided an area under the curve of 0.71 for GDM prediction (95% CI 0.68-0.74) [24] . However, it is uncertain whether these models are applicable to Chinese women.
Furthermore, a growing body of evidence suggests that hypertriglyceridaemia is associated with GDM [25, 26] . Hypertriglyceridaemia itself is a well known risk factor for metabolic syndrome. Moreover, it is independently associated with pregnancy outcomes such as LGA, macrosomia [24, 27, 28, 29] and preterm delivery [2, 24] . Whether and to what extent TG level predicts GDM is unknown. Therefore, the purpose of the present study was to develop a simple model incorporating maternal age, BMI, and FPG and TG levels in early pregnancy to predict the risk of GDM.
Methods

Participants
This study was conducted in Xinhua Hospital between Jan 2015 and Dec 2017. Xinhua Hospital is a referral medical center with 3500-4000 deliveries annually. Study participants were recruited in two ways. First, there was retrospective recruitment of consecutive pregnant women delivered from Jan 2015 to Jun 2016, with data obtained solely from medical records. Women were asked before delivery for consent to obtain prenatal clinical records (XHEC-C-2013-001); a total of 2343 women consented and were included in the final analysis. Information abstracted from medical records included pregnancy complications, parity, gestational age at delivery and results of biological indicator, such as FPG, TG, TC, HDL, vitamin D3. Second, women from a prospective hospital-based birth cohort, the Early Life Plan (ELP) study, between Jun 2016 and Dec 2017 ( Fig. 1 ) were also included [30] . Face-to-face informed consent were obtained at the first obstetric visit in the ELP study (XHEC-C-2016-392). For the 2428 women that consented, information on socio-demographic characteristics and medical history, such as diabetes before pregnancy, was collected through a face-to-face interview and self-completed questionnaires. The prenatal clinical information were similar to that obtained from the retrospectively recruited women from medical records. The overall study combined by the two groups of women was approved by the Institutional Review Board of Xinhua hospital (XHEC-C-2018-085).
Inclusion and exclusion criteria Inclusion criteria
Women were eligible if they: [1] were registered Shanghai residents with no plan to move out of Shanghai in the following two years; [2] had a singleton pregnancy; [3] had their first pregnancy visit prior to 20th week of gestation; [4] planned to give birth in Xinhua hospital; and [5] had complete information on medical history and laboratory results including FPG, glucose challenge test (GCT), fasting plasma lipids, and VitD3 before 20 gestational weeks. The included pregnant women had regularly visits (≥ 6 times) before delivery and followed up until 6 weeks after delivery.
Exclusion criteria
Women were excluded if they had any one of the following: [1] multiple pregnancy; [2] type I or type II diabetes mellitus; [3] chronic hypertension; [4] drug treatment of dyslipidaemia before pregnancy; [5] cardiovascular diseases; [6] other diseases that were contraindications of pregnancy.
Blood measurements
A five milliliter of fasting venous blood sample was taken from pregnant woman on the next day of their first hospital visit. Participants had to be fasting for at least 8 h prior to blood draw. FPG, TC, TG, high density lipoprotein (HDL), LDL, vitamin D 3 and hemoglobin (Hb) was measured immediately in the hospital laboratory (Hitachi 7180 automatic biochemical analyzer). Coefficients of variance were all less than 5% for the clinic quality assurance.
Operational definitions
FPG is routinely measured during early pregnancy to detect pre-existing diabetes (FPG ≥ 7 mmol/L). Intermediate level of hyperglycemia is defined as FPG in the range 5.1 to 6.9 mmol/L. [19] The two-step approach of testing for GDM in this study included an initial screening at 22-24 weeks by administering a 50-g oral glucose solution followed by a 1-h venous glucose test. Women whose glucose levels met or exceeded 7.2 mmol/L underwent a diagnostic 2-h 75-g oral glucose tolerance test (OGTT) between 24 and 26 weeks. The diagnosis of GDM was established when any single glucose concentration met or exceeded a (fasting value of, 5.0 mmol/L or 92 mg/dL; a 1-h value of, 10 mmol/L or 180 mg/dL; or 2-h value, 8.,5 mmol/L or 153 mg/dL) by IADPSG criteria 2010 [31] .
Gestational age was determined by ultrasound within 3 months of pregnancy confirmation. Preterm delivery was defined as delivery before 37 weeks of gestation. Sex-specific small for gestational age (SGA) and large for gestational age (LGA) were defined according to the 10th and 90th percentiles of gestational age-specific birth weight in the Chinese population [32] . Recurrent spontaneous abortion was defined as two or more consecutive spontaneous abortions.
Statistical analyses
Standard descriptive statistics were used to summarize continuous data (mean ± SD as all continuous variables were normally distributed) and categorical data (numbers and percentages). Student's t test and the chi-square test were used for comparisons between groups. A partial correlation analysis was performed for maternal factors (using the "ppcor" package implemented in R) (https://cran.r-project.org/web/packages/ppcor/ppcor.pdf). Odds ratio of individual maternal factor as a potential predictor for GDM was estimated through logistic regression. Continuous potential predictors were categorized as the "U-type" response is common in biological systems. Such predictors were included in the model as categorical variables when the association between continuous variables and GDM are not linear. As a sensitivity analysis, we examined AUC for the model including these predictors as continuous variables.
Because our analysis included multiple biomarkers that might be correlated, and correlated variables in multivariate regression model may cause problems in estimation of coefficients, we investigated the correlation between FPG, Hb and TG using partial correlation analysis. As we found significant correlations among all participants (further details in section 3.2), we decided to use multivariable logistic regression through Bayesian inference. Thus, the predictive maternal factors were further selected through Bayesian adaptive sampling by multivariate logistic regression (using the "BAS" package implemented in R) (https://cran.r-project.org/web/packages/BAS/BAS.pdf ). The selected potentially predictive maternal factors were incorporated into the multivariate Bayesian logistic regression using Markov Chain Monte Carlo simulation (iteration = 20,000, burn-in = 3000) and the Metropolis-Hastings algorithm (using the "MCMC" package implemented in R) (https://cran.r-project.org/ web/packages/mcmc/mcmc.pdf ). An AUC curve was calculated to estimate the predictive probability and to compare the performance of models. The AUC and optimal cut-off value of the predicted probability of GDM were analyzed (using the "pROC" package) (https://cran. r-project.org/web/packages/pROC/pROC.pdf ). To assess the effect of substituting continuous variables for categorical variables in the sensitivity analysis, we compared the difference in AUC using Delong's ROC curve test [33] . All the analyses were performed with R version 3.3.3 (www.R-project.org). For frequentist analyses, the p < 0.05 threshold was regarded as statistically significant unless indicated otherwise.
Results
Baseline maternal characteristics and perinatal outcomes
A total 5868 pregnant women provided written informed consent ( Fig. 1) , of whom 89.6% were in their first (n = 605) or second (n = 4653) trimester of pregnancy. All participants were Asian. The prevalence of hyperglycemia was 12.7% (743/5868). The number of women who met the inclusion criteria and remained in the study up to the time of GDM screening was 4907; the incidence of GDM diagnosed between 24 and 28 weeks of gestation was 12.8% (630/4907). Among 4907 women, 63 women delivered earlier than 34 weeks and 73 delivered in other hospitals, resulting in 4771 in the final analysis. Just over half (52.8%) of the women were nulliparous and around 0.4% had a history of recurrent spontaneous abortion. Compared with women who did not have GDM, women with GDM were older (mean age 1.8 years higher), had higher prepregnancy BMI and level of FPG, TG, TC and lower HDL values (Table 1 ). There were no significant differences in LDL, polipoprotein A (ApoA), apolipoprotein B (ApoB), or lipoprotein A (LipoA) between the two groups. Women with GDM had a slightly but significant earlier delivery than non-GDM women, but the proportion of preterm delivery between 34 and 37 weeks did not differ between these two groups (even when premature delivery before 34 weeks were included, p = 0.422). Compared women without GDM, women with GDM had higher proportion of LGA, length of hospital stay and proportion of deliveries by caesarean section were increased in GDM women, but had lower neonatal height and lower prevalence of neonatal jaundice ( Table 1 ). The proportions of birth weight greater than 4000 g, neonatal intensive care unit (NICU) admission and neonatal death were not different between these two groups.
Metabolic maternal factors are correlated FPG levels slightly decreased with gestational age between 8th and 20th weeks, while TG levels slightly increased ( Fig. 2A) . The slopes of linear regression between FPG and TG with gestational age were − 0.0245 (p < 0.0001) and 0.0444 (p < 0.0001), respectively. Among all participants, after adjusting for maternal age, prepregnancy BMI and gestational age at first visit, FPG was correlated with Hb, vitamin D3 and lipids except apolipoprotein B and lipoprotein A. The correlation patterns differed between women with or without GDM. Among those with GDM, FPG was only correlated with Hb and HDL ( Table 2) .
Predicting GDM risk between 8th to 20th gestational weeks (including validation ROC)
Factors that were statistically significantly associated with GDM in univariate logistic regression were included in the multivariable logistic regression. After we applied Bayesian adaptive sampling, maternal age, prepregnancy BMI, FPG and TG were selected because they showed high density interval (HDI) of adjusted odds ratio (OR) that did not include 1.0 ( Table 3 ). In this multivariable logistic regression analysis, women who aged between 18 and 29 years, had prepregnancy BMI less than 27, FPG less than 4.4 mM and TG less than 2.26 mM were less likely to develop GDM. The risk of GDM increased with maternal age, FPG and TG.
The AUC of the final GDM predictive model that incorporated categorical maternal age, prepregnancy BMI, FPG and TG was 0.749 (95% CI 0.714, 0.784). In the sensitivity analysis including these risk factors as continuous rather than categorical variables in the model, the AUC was 0.766 (95% CI 0.731, 0.801). These two models were not significantly different (Delong's ROC curve test p = 0.49) ( Fig. 2B ).
Next, we estimated sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) of the final model. When median specificity was held at 0.80 the sensitivity was at 0.60~0.61 and the cut-off value of probability was 0.160~0.161 using metric variables of maternal age, prepregnancy BMI, FPG and TG in model. The sensitivity of the model with categorical variables was 0.59 and cut-off probability was 0.130~0.131 (Fig. 2B) . We then validated the cut-off probabilities using the original dataset, 0.160 for metric and 0.130 for categorical variable models. The consistencies of diagnosis could be 0.64 and 0.63 for metric and categorized risk models while the PPVs were 0.32 and 0.31 and both NPVs were 0.93. The following formula was developed to predict the probability of GDM between 8th and 20th gestational weeks, based on maternal age, prepregnancy BMI, FPG, and TG:
Probability of GDM = 1/(1 + 1/exp. (Age*0.0601 + BMI* 0.03405 + FPG*2.46427 + TG*0.30648-16.87528)).
A reference probability table of various sensitivities and specificities is also provided for future validation (Additional file 2: Table S1 ).
Discussion
The association of unusual rise of FPG and TG with GDM and/or pregnancy outcomes had been explored [5, 10, 11, 13, 15, 26] . FPG ≥5.1 mmol/L predicted LGA risk [34] and anti-diabetic treatment (e.g., insulin, metformin) might reduce the risk of adverse perinatal outcomes [35] . Zhao et al. went even further to try to quantitatively explore these associations by logistic regression [36] . If the predictors are correlated as in this case, it is improper to use multivariable logistic regression by frequentist's method. Liu et al. might have realized this pitfall of using logistic regression, but still they failed to show that FPG correlated with TG or other lipids in their analysis [28] . There are other GDM predictive tools incorporating more biochemical or ultrasonic maternal factors. To our knowledge, the model developed in this study using information on maternal factors such as age, prepregnancy BMI, FPG and TG and using robust modeling methods is the first model applicable to Chinese women for whom no ethnicity-specific GDM risk prediction model has been available. Further validation of the model is necessary before generalizing it to the vast rural population of China.
The incidence of GDM in this study (12.8%) was lower than the overall frequency (17.8%) reported in HAPO study [37] . The prevalence of GDM was much lower in studies that used either the WHO 1980-2013 or ADA 2002-2014 criteria (13.0 to 13.9%) than in studies that used IADPSG and China MOH criteria which gave a prevalence of 19.9 and 20.9%, respectively [8] . The prevalence of GDM also differed by screening methods, with the one-step screening method yielding a prevalence of GDM of 14.7%, and the two-step screening method a prevalence of 7.2%, about half that of the onestep method [8, 38, 39] .The prevalence of GDM would have been higher if the lower fasting and post-load glucose thresholds for GDM diagnosis which was previously applied in south Asian women (from 17.4 to 24.2%) had been used [5] . In a systematic review, the GDM was postulated to affect 14% of pregnant women annually and accounted for 90% of hyperglycemia pregnancies [40] . Women with GDM also had elevated FPG and TG levels in the early stage of pregnancy, and as a consequence had an increased risk of adverse perinatal outcomes such as high birth weight (e.g., macrosomia or LGA) and caesarean section [28, 33] . In a consensus guideline the Australasian Diabetes in Pregnancy Society (ADIPS) has urged more research to identify the most appropriate tests for detecting GDM in early pregnancy. Only following early detection can risk stratification and early intervention for GDM become possible, but still it is difficult. The available models suffer from one or more of the limitations including applying only to subpopulations [24] , involving complicated algorithms [23] , requiring specific laboratory tests [21, 22, 24] or applying in specific periods before GDM diagnosis [21, 22, 41] . The model derived in the present study did not have AUC, sensitivity or specificity as high as some previous models but it was simple, applicable to the Chinese population and covered a broad period before GDM diagnostic tests, and therefore has the potential to be widely used in less developed jurisdictions.
Risk factors for GDM included a history of hyperglycemia, having a first degree relative with diabetes mellitus, a history of macrosomia, polycystic ovarian syndrome, age > 40 years, pre-pregnancy BMI > 30 kg/m [2] , and taking Figure 2b ROC curve of GDM risk prediction models based on multivariate logistic regression. The black curve was derived from regression model using categorical variables as indicated in Table 3 (rightmost column). The curve in blue was derived from model following Bayesian variable selection and model averaging and, this best fitted model using maternal age, pre-gravid BMI, FBG, TG, TC and LDL as predictive variables. The predicted optimal cut-off probabilities to discriminate GDM from non-GDM mothers for categorical variable model and Bayesian variable selected model were 0.083 (with specificity = 0.80 and sensitivity = 0.58) and 0.118 (with specificity = 0.75 and sensitivity = 0.66), respectively. The AUR was presented as averaged level and 95% CI in the same color medications such as corticosteroids, and antipsychotics [15, 17, 40, 41] . This list is increasing. Physically active Asian women have a reduced risk of GDM (OR = 0.56, 95% CI 0.32-0.98), especially those who were overweight (OR = 0.52, 95% CI 0.29-0.93) or obese (OR = 0.34, 95% CI 0.15-0.77) [42] . Weight gain has been reported to be an independent risk factor of GDM [43] , especially in the first three months of pregnancy. Levels of C-reactive protein (hs-CRP) and sex hormone binding globulin (SHBG) in the first trimester may predict GDM with high sensitivity [44] . Blood count had been incorporated in a GDM prediction model [45] . Hemoglobin A1C (HbA1c) level may be helpful in GDM diagnosis, especially in the third trimester [46, 47] . Correlations between glucose and lipid levels, together with interactions among potential risk factors, further complicate GDM prediction. How to develop a reliable GDM risk prediction model by using the above-mentioned complicated risk factors poses a challenge. Regression analysis using Bayesian inference is applicable to predictors that are independent or correlative. However, principal component analysis and other methods are also approaches to combine correlated or interacting predictors. We used Bayesian inference in regression analysis because it has a similar interpretative framework to frequentist logistic regression but is more robust when correlated predictors are present. In the sensitivity analysis using frequentist logistic regression, the ORs and AUC, sensitivity and specificity were very similar to those obtained by Bayesian inference (Additional file 3: Table S2 , Additional file 2: Table 2 , Additional file 1: Figure S1 ). We also classified the continuous variables such as maternal age, pre-pregnancy BMI, FPG, TG, TC, HDL, LDL etc. into categories according to clinical reference intervals for healthy adults. In terms of predicted risk probability and AUC, the model based on categorical variables did not show higher predictive performance than the model based on continuous variables (AUC 0.748 vs 0.770, p = 0.316). The categorical variables did not show significant interaction effects. Fasting glucose and triglycerides may increase with gestation weeks. The original full model also included a history of abnormal gravidity (preterm birth, miscarriage and induced abortion). Following variable selection the best model incorporated four factors including maternal age, prepregnancy BMI, FPG and TG. The pseudo-R-squared was 0.165 for the best fit model, suggesting that the potential risk factors included could accounted only for a small fraction of the variance of GDM. Further studies on GDM risk factors and prediction models should pay more attention to understanding the interactions among the risk factors. The strengths of this study include a moderate sample size, a robust modeling strategy for correlated predictors, and its development of a simple formula for prediction based on only four maternal factors (age, prepregnancy BMI, FPG and TG). This formula can be applied even if only a calculator is available, such as in less-developed parts of China. The limitations are that we were not able to incorporate all known potential risk factors in modeling, that the participants came from a single medical center, and that we have not yet conducted external validation. Due to intrinsic nature of observational data in this cohort study, the internal validity was low to moderate.
Conclusions
From 8th to 20th gestational week, the average FPG level indicated a slight decreasing trend while, in line with previous studies, TG levels displayed a slight increasing trend. The metabolites were intercorrelated during this period of pregnancy. We developed a prediction model in Chinese women, which addressed the correlation of predictors and incorporated maternal age, prepregnancy BMI, FPG and TG, with a predictive accuracy of 0.64 and an AUC of 0.766 (95% CI 0.731, 0.801). Thus, a simple model, which can be applied using a hand calculator, may predict the risk of GDM and be used in less economically developed parts of China.
